With increasing use of Picture Archiving and Communication Systems (PACS), Computeraided Diagnosis (CAD) methods will be more widely utilized. In this paper, we develop a CAD method for the detection of microcalcification clusters in mammograms, which are an early sign of breast cancer. The method we propose makes use of two-dimensional (2-D) adaptive filtering and a Gaussianity test recently developed by Ojeda et al. for causal invertible time series. The first step of this test is adaptive linear prediction. It is assumed that the prediction error sequence has a Gaussian distribution as the mammogram images do not contain sharp edges. Since microcalcifications appear as isolated bright spots, the prediction error sequence contains large outliers around microcalcification locations. The second step of the algorithm is the computation of a test statistic from the prediction error values to determine whether the samples are from a Gaussian distribution. The Gaussianity test is applied over small, overlapping square regions. The regions, in which the Gaussianity test fails, are marked as suspicious regions. Experimental results obtained from a mammogram database are presented. 
COMPUTER-AIDED DIAGNOSIS
With increasing use of Picture Archiving and Communication Systems (PACS), Computeraided Diagnosis (CAD) methods will be more widely utilized [1] -{1O]. In this paper, we develop a CAD method for the detection of microcalcification clusters in mammograms, which are an early sign of breast cancer. Microcalcifications are small, subtle abnormalities in breasts which appear as isolated bright spots in mammogram images. Due to their small size, they can be overlooked by examining radiologists.
In recent years, availability and proliferation of digital radiological image modalities stimulated research activities around the world on CAD. A significant part of this research has concentrated on the early detection of breast cancer, and in particular detection of microcalcifications. In one of the early works in this field, a difference-image technique is employed [4] . The difference between signal-enhanced and signal-suppressed images is grey-level thresholded to obtain microcalcification locations.
Woods et al compare different pattern recognition techniques for the detection of microcalcifications in mammograms [5] . With a small database of 24 images, they conclude that the simple Bayesian linear classifier perform the best. However, the results are dependent on the choice of the feature set and finding a good operating point.
Several researchers use wavelet transform based techniques for microcalcification detection [6] [7] [8] . The wavelet transformed image is weighted at certain scales to enhance microcalcification locations. The enhanced image is thresholded to obtain microcalcifications. Wavelet based schemes mainly differ in their choice of wavelets and the selection of subband images used in the reconstruction. Essentially, the resultant filtering operation is almost equivalent to band-pass filtering.
Dengler et al. employ a nonlinear filtering approach for microcalcification segmentation [9] . The mammogram image is filtered with two Gaussian filters of different widths, and the resultant images are subtracted from each other. The difference image is thresholded to determine suspicious spots. These locations are then processed with morphological opening and thickening operations to determine the original shape and size of microcalcifications. They obtained 97% sensitivity at 70% specifity for 24 images they used.
Clarke et al propose a method based on tree structured non-linear filter and wavelet transform for microcalcification segmentation [3, 10] . The mammogram image is first filtered with a multistage, tree-structured filters. The major filtering blocks are varying-size median filters. The purpose of these filters is to increase the signal-to-noise ratio and suppress the background structures. Next, quasi-range edge detector and wavelet transform are used for the extraction of microcalcifications. In [3, 10] nine mammogram images are studied and the authors detected all the clusters with an average of four false clusters per image.
In our previous work, we used linear subband decomposition and higher order statistics for microcalcification detection [1] . After the subband decomposition, the band-pass image is divided into square regions and within these regions, third and fourth order statistics, skewness and kurtosis are measured. These statistics assume high values in regions with microcalcifications whereas they are close to zero in regions without microcalcifications . Based on this discriminative property, we tested the scheme in the Nijmegen Database consisting of 40 mammogram images. The scheme detected all the microcalcification clusters with 3.3 false clusters per image.
The current method we propose makes use of two-dimensional (2-D) adaptive filtering and a Gaussianity test recently developed by Ojeda et al. for causal invertible time series [11] . The first step of this method is adaptive linear prediction. It is assumed that the prediction error sequence has a Gaussian distribution as the mammogram images do not contain sharp edges. Since microcalcifications appear as isolated bright spots, the prediction error sequence contains large outliers around microcalcification locations. The second step of the algorithm is the computation of a test statistic from the prediction error values to determine whether the samples are from a Gaussian distribution. The Gaussianity test is applied over small, overlapping square regions. The regions, in which the Gaussianity test fails, are marked as suspicious regions.
In Section 2, 2-D adaptive filtering scheme is reviewed. Adaptive filtering based Gaussianity tests are explained in Section 3. Experimental results are presented in Section 4. Finally, conclusions and future work are given in Section 5.
2-D ADAPTIVE FILTERING
The adaptive filter predicts an image pixel x{i,j] at location (i,j) as a weighted average of pixels in the region of support. For the microcalcification detection problem, we use a 2-D Least Mean Square (LMS) adaptive filter in the prediction step. Figure 1 illustrates the adaptive filtering scheme. Recently, Ffrench et al used 2-D adaptive filtering for the enhancement of microcalcification locations in mammogram images [12] .
The region of support of the filter is chosen as the pixels to the left of and above the pixel to be predicted as shown in Figure 2 At each iteration the weights are adapted using an LMS-type adaptation algorithm.
The prediction error at pixel location (i,j) is computed as The original mammogram image is scanned row by row as shown in Figure 3 . When the pixel to be predicted is at the end of a row, the scanning direction is reversed. Hence, unusual prediction errors do not occur due to the scanning mechanism. It is experimentally observed that in regions with no microcalcifications the Gaussian distribution is a good model for e{i,j]. In regions with microcalcifications, on the other hand, the distribution is non-Gaussian because of the impulsive nature of microcalcifications (see Figure 5 ). Therefore, a Gaussianity test can be used to detect microcalcificated regions in mammograms.
ADAPTIVE FILTERING BASED GAUSSIANITY TESTS
We use a Gaussianity test based on the sample estimates of the first three moments I, '2, 13 of the prediction errors as in [13] . Estimates of the moments are given by:
where, e[i , j] 's (i = 1 , . . . , M, j = 1 , . . . , N) are individual error values at the location (i j) and M x N is the total number of error pixels in the square region (M = N = 30 in our experiments).
For Gaussian sequences, I, '2,13 converge to the following values as M, N go to infinity: I- (6) (7) 13 -+ 321t (8) where 1a and a2 denote the mean and the variance of the error sequence e, respectively. With these limit values, we calculate the nonlinear expression Hence, h is expected to be close to zero for Gaussian distributed sequences. If it is significantly greater than 0 then it is concluded that the sequence under test deviates from Gaussianity. 4. EXPERIMENTAL RESULTS Figure 5 depicts the prediction error histograms of two 30x30 regions. Figure 5 -(a) is obtamed from a region with no microcalcification and Figure 5 -(b) is obtained from a region with microcalcifications. In the microcalcificated region the distribution is skewed as shown in Figure 5-(b) . Figure 5-(c) is the enlarged view of the tail of the distribution, which extends far to the right mainly due to the presence of microcalcifications. The test statistic, h(11, '2 13) reflects this change in the distribution. It is -0.1163 for the region with no microcalcifications and it is 40.4343 for the region containing microcalcifications.
We tested the above method in 100 different 30x30 regions with and without microcalcifications taken from five different mammogram images. The results of the Gaussianity test are shown in Tables 1 and 2 .
The detection method can be stated as a hypothesis testing problem in which the null hypothesis H0 corresponds to the no microcalcification case and H1 corresponds to the presence of microcalcifications case:
. H0 : h(11,12,13) < Th I H1 : h(11,12,13) Th where Th 5 an experimentally determined threshold. Based on the above experimental data, Th can be chosen as the midpoint of (3.37, 8.09) i.e., Th = 5.73.
CONCLUSIONS AND FUTURE WORK
With increasing use of Picture Archiving and Communication Systems (PACS), Computeraided Diagnosis (CAD) methods will be more widely utilized. In this paper, we develop a CAD method for the detection of microcalcification clusters in mammograms, which are an early sign of breast cancer. The method we propose makes use of two-dimensional (2-D) adaptive filtering and a Gaussianity test recently developed by Ojeda et 3.3658 J Table 2 : Statistics of h in regions no microcalcification.
The computatinal complexity of the detection system is not high and it can be significantly reduced by noting that the moment expressions in Equations 3-5 can be computed in an incremental manner. In other words, after calculating these values for the right half of a square region, they can once again be used for the left half of the next overlapped square region.
Another branch of computer-aided diagnosis in mammography deals with mass detection and stellate lesion detection in mammograms [14] . The sizes of these abnormalities are much bigger than those of microcalcifications but their detection is still difficult since they look very much like the surrounding parenchymal tissue and their contrast is low. As future work, we will extend the 2-D adaptive filtering based methods to the mass and stellate lesion detection problem.
